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Abstract Using principal component (PC) analysis, three
leading modes of cloud vertical structure (CVS) are revealed
by the GCM-Oriented CALIPSO Cloud Product (GOCCP),
i.e. tropical high, subtropical anticyclonic and extratropical
cyclonic cloud modes (THCM, SACM and ECCM, respec-
tively). THCM mainly reflect the contrast between tropical
high clouds and clouds in middle/high latitudes. SACM is
closely associated with middle-high clouds in tropical convec-
tive cores, few-cloud regimes in subtropical anticyclonic
clouds and stratocumulus over subtropical eastern oceans.
ECCM mainly corresponds to clouds along extratropical cy-
clonic regions. Models of phase 2 of Cloud Feedback Model
Intercomparison Project (CFMIP2) well reproduce the
THCM, but SACM and ECCMare generally poorly simulated
compared to GOCCP. Standardized PCs corresponding to
CVS modes are generally captured, whereas original PCs
(OPCs) are consistently underestimated (overestimated) for
THCM (SACM and ECCM) by CFMIP2 models. The effects
of CVS modes on relative cloud radiative forcing (RSCRF/
RLCRF) (RSCRF being calculated at the surface while
RLCRF at the top of atmosphere) are studied in terms of
principal component regression method. Results show that
CFMIP2 models tend to overestimate (underestimated or sim-
ulate the opposite sign) RSCRF/RLCRF radiative effects
(REs) of ECCM (THCM and SACM) in unit global mean
OPC compared to observations. These RE biases may be at-
tributed to two factors, one of which is underestimation
(overestimation) of low/middle clouds (high clouds) (also
known as stronger (weaker) REs in unit low/middle (high)
clouds) in simulated global mean cloud profiles, the other is
eigenvector biases in CVS modes (especially for SACM and
ECCM). It is suggested that much more attention should be
paid on improvement of CVS, especially cloud parameteriza-
tion associated with particular physical processes (e.g.
downwelling regimes with the Hadley circulation,
extratropical storm tracks and others), which may be crucial
to reduce the CRF biases in current climate models.
1 Introduction
Cloud is the primary uncertainty source of climate sensitivity
among climate models (e.g. Stephens 2005). This uncertainty
mainly originates from the diverse representations of cloud
properties and their radiative effects (REs) in climate models,
as well as the feedbacks between them and large-scale ambi-
ent fields (Wang et al. 2014a). It should also be noted that
cloud tuning, a common approach in climate models to
achieve a desired radiation balance at the top of atmosphere
(TOA) with observations on the global and annual scale, can
make the models to neglect some deficiencies in simulating
cloud’s spatial variability, especially in the vertical dimension
(Golaz et al. 2013; Mauritsen et al. 2012). Indeed, cloud ver-
tical structure (CVS) has important effects on radiation and
has been long concerned in climate analysis and modelling
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studies (Cesana and Chepfer 2012; Rossow and Zhang 2010;
Rossow et al. 2005; Wang et al. 2014b).
Before the revolutionary progress in detecting CVS
through satellites with active remote sensors, the CVS was
traditionally obtained through ways such as surface weather
observations (e.g. Hahn et al. 2001; Warren et al. 1988), pas-
sive sensor satellites (e.g. International Satellite Cloud
Climatology Project (ISCCP) (Rossow and Schiffer 1999)),
analysis of vertical profiles of relative humidity from radio-
sondes (Wang et al. 2000), observations from the sites of the
Atmospheric Radiation Measurement (ARM) (Ackerman and
Stokes 2003) and others. However, the CVS information from
most of these observations is incomplete for analysis of CVS
climatology from the global scale. Although ISCCP dataset
has complete spatial and temporal representation, it provides
information from a ‘top down’ viewpoint and only see the
uppermost cloud top in each vertical column other than CVS
(Rossow and Zhang 2010). Meanwhile, the evaluation of
CVS in climate models has mainly focused on the distribution
of high, middle and low clouds as defined by ISCCP (Zhang
et al. 2005) or cloud vertical profiles constrained in the limited
ARM sites (Qian et al. 2012).
The CVS has been actively detected since the launching of
CloudSat and CALIPSO (the Cloud-Aerosol Lidar and
Infrared Pathfinder Satellite Observation) satellites in the A-
Train constellation (Stephens et al. 2002); both of which can
provide a global survey of CVS. The CALIPSO, carrying the
active Cloud-Aerosol Lidar with Orthogonal Polarization
(CALIOP), has a distinct advantage in profiling the clouds
with optical depth lower than 3 in the troposphere and lower
stratosphere although some limitations still exist (Cesana and
Chepfer 2012; Winker et al. 2009). Based on CALIPSO, the
GCM-Oriented CALIPSO Cloud Product (CALIPSO-
GOCCP, hereafter GOCCP) has been developed for cloud
evaluation in climate models (Chepfer et al. 2010). GOCCP
provides a global 3D viewpoint of cloud cover, among others,
which has been used for cloud evaluation in climate models,
focusing mainly on the vertical profile of cloud cover aver-
aged over latitudes or along some cross section (Cesana and
Chepfer 2012; Cesana et al. 2012; Chepfer et al. 2008; Kay
et al. 2012).
Considering clouds’ complex horizontal and vertical struc-
tures, principal components analysis (PCA) (or empirical or-
thogonal function analysis) has been proved an effective
method to explore the cloud vertical structure by transforming
the multi-level clouds into limited but physically significant
CVSmodes, which has been applied in GOCCP and two BCC
AGCMs recently (Wang et al. 2014b). Under the framework
of phase 2 of Cloud Feedback Model Intercomparison Project
(CFMIP) (CFMIP2), a part of the CMIP5 (the fifth phase of
the Climate Model Intercomparison Project) (Taylor et al.
2012), more standard CFMIP cloud output in GOCCP vertical
levels, using the lidar simulator (Chepfer et al. 2008), has been
available for a further evaluation of CVS and its REs among
CFMIP2 models. In view of this, the work in Wang et al.
(2014b) has been extended to multiple CFMIP2 models but
with updated physical interpretations to answer how CFMIP2
models reproduce the leading CVS modes and what radiative
effects can be made by the simulation deficiencies in CVS
modes.
The remainder of this study is arranged as follows. The data
and methodology used for comparisons between CFMIP2
models and GOCCP are described in Sect. 2. Results are
shown in Sect. 3, including evaluation on CVS and its REs
in CFMIP2 modes, as well as related discussions. Finally, a
summary is given in Sect. 4.
2 Data and methodology
2.1 Data
GOCCP was developed from the CALIPSO level 1 products
for special purpose in cloudiness evaluation in climate models
under the CFMIP framework (Chepfer et al. 2010). The
GOCCP monthly cloud cover used in this study has a vertical
resolution of 480 m (40 vertical levels) and a horizontal reso-
lution of 2° × 2°, from June 2006 to December 2010. The data
are available at the website of CALIPSO-GOCCP
(http://climserv.ipsl.polytechnique.fr/cfmip-obs/Calipso_
goccp.html).
Monthly cloud covers (1979–2008) from 11 CFMIP2
models (Table 1) are also selected for our study. These
data came from the AMIP experiment of CMIP5 and
only the r1i1p1 ensemble was used. Unlike other
AMIP variables, the CFMIP2 clouds are additional out-
put of a lidar simulator embedded in those models. The
lidar simulator is one of the simulators of CFMIP
Observational Simulator Package (COSP) (Bodas-
Salcedo et al. 2011), being specially used to simulate
the cloud cover in model atmosphere just as observed
by the CALIPSO. Cloud cover output from lidar simu-
lator in CFMIP2 models is consistent with that in
GOCCP in both physics and resolution, facilitating di-
rect comparisons between them.
The corresponding radiative fluxes from 11 CFMIP2
models are used to derive the cloud REs. The monthly
CERES Energy Balanced and Filled (EBAF) surface and
TOA L3B Ed2.6r data products (Kato et al. 2013), specially
designed for the intercomparison of radiative fluxes between
satellite-based estimates and model simulations, are used as
the reference data. The CERES data sets have a spatial reso-
lution of 1° × 1° latitude/longitude and time periods from
March 2000 to February 2010 for surface data and from
March 2000 to June 2012 for TOA data.
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2.2 Methods
2.2.1 Data processing and definitions
The annual mean cloud cover in GOCCP is computed from
the period of January 2007 to December 2010, and the period
of January 2001 to December 2008 is used to calculate the
annual means of cloud cover in CFMIP2 models and radiative
fluxes in both CERES andmodels. The multi-model ensemble
(MME) is the equal-weighted average of individual models. In
order to compare easily, both the GOCCP and the model out-
put are linearly interpolated to the same horizontal resolution
of 1° × 1° latitude/longitude as the CERES radiative fluxes.
The cloud REs in this study are represented by relative
shortwave (SW)/longwave (LW) radiative forcing (RSCRF/
RLCRF) (Wang et al. 2014b), RSCRF being calculated at







where SWdn,all and SWdn,clr (LWup,all and LWup,clr) indicate
the all-sky and clear-sky surface (TOA) downwelling SW
(upwelling LW) radiation fluxes respectively.
2.2.2 Principal component analysis (PCA)
The central idea of PCA is to reduce the dimensionality of a
data set with a large number of interrelated variables while
retaining maximum variation of the data set. In this study,
PCA is used to transform the 40-level cloud cover to limited
vertical modes (i.e. eigenvectors, EVs hereafter) and horizon-
tal projections of these modes (i.e. principal components, PCs
hereafter).
Let Xmn be the cloud cover matrix with m vertical levels
and n horizontal grid points, by linear transformation, the PCs
can be expressed as
Pmn ¼ V 0mm  Xmn ð3Þ
where V
0
mm is the transpose of eigenvector matrix Vmm. Vmm is
composed of m eigenvectors, vk = (v1k v2k … vmk )
′ ,
k = 1 , 2 , … , m . The corresponding eigenvalues,
λk , k = 1 , 2 , … ,m, satisfy λ1 ≥ λ2 ≥ … ≥ λm and can be ob-
tained by solving the following polynomial equation:
A−λIj j ¼ 0 ð4Þ
where A and I denote the covariance matrix of Xmn and iden-
tity matrix, respectively.
The derived PCs are uncorrelated and are ordered based on
λk so that the first few ones contain most of the variation in
Table 1 Description of CFMIP2
models and cloud cover schemes No. Model ID Country Atmospheric
model resolution
Cloud cover scheme
1 BCC-CSM1.1 China T42, L26 Diagnostic scheme treating marine
stratocumulus, convective, and layered
clouds separately (Wang et al. 2014b).
2 BCC-CSM1.1(m) China T106, L26 Same as BCC-CSM1.1
3 CanAM4 Canada T63, L35 Statistical cloud scheme (von Salzen et al.
2013).
4 GFDL-CM3 USA C48, L48 Prognostic cloud scheme (Donner et al. 2011).
5 HadGEM2-A Britain N96, L38 Parameterized RH-crit and vertical gradient
area cloud scheme (Martin et al. 2006).
6 IPSL-CM5A-LR France 3.75° × 1.875°,
L39
Statistical cloud scheme based on a PDF of
total water content (Dufresne et al. 2013).
7 IPSL-CM5A-MR France 2.5° × 1.25°, L39 Same as IPSL-CM5A-LR
8 IPSL-CM5B-LR France 3.75° × 1.875°,
L39
Statistical cloud scheme coupled to convection
scheme and boundary scheme with different
PDFs (Dufresne et al. 2013).
9 MIROC5 Japan T85, L40 PDF-based hybrid prognostic cloud scheme
(Watanabe et al. 2009).
10 MPI-ESM-LR Germany T63, L47 Diagnosed as a function of RH (Stevens et al.
2013).
11 MRI-CGCM3 Japan TL159
(1.125° × 1.12-
5°), L48
PDF-based and Tiedtke cloud scheme
(Yukimoto et al. 2011).
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original variables. In this study, PCs are first calculated from
standardized cloud cover field (hereafter SPC), and then the
corresponding original PCs (hereafter OPC) are recovered by
reversing the standardization formula. The SPC and OPC re-
flect the relative and actual horizontal distribution patterns of
CVS mode, respectively.
2.2.3 Principal component regression (PCR)
PCR is further used to investigate the effects of independent
PCs on radiation to eliminate the impacts of collinearity be-
tween cloud vertical levels on regression. PCR is basically
identical to a standard linear regression model but using PCs
as explanatory variables, which can be formulated as
Y ¼ b0 þ ∑mk¼1bkPk ð5Þ
where Y is a dependent variable (RSCRF or RLCRF in this
study), P denotes explanatory variables (i.e. PCs in the previ-
ous section), b0 is the regression constant, bk indicates regres-
sion coefficients andm is the number of explanatory variables.
The standardized regression coefficients (b
0
k ) can also be
obtained through above regression model with standardized







where S denotes the standard deviation of a given variable.
3 Results
3.1 CVS modes in GOCCP
The first three EVs and their SPCs in GOCCP and CFMIP2
models are shown in Figs. 1 and 2. All the CVS modes are
statistically significant based on the North Test (North et al.
1982). First three GOCCP EVs explain 80.6% of the total
variance and well represent the original cloud cover field.
The CVS modes are basically consistent with those in Wang
et al. (2014b), but with much more detailed description in this
study to further understand the physics of these modes.
The leading CVS mode (EV1 42.3%) depicts a vertical
pattern with opposite-sign eigenvectors divided by the height
around 10 km (Fig. 1a). The negative values of PC1 (corre-
sponding to the negative phase of EV1) are mainly located in
the latitudes between 30° S and 30° N, characterized by high
clouds in the tropical deep convective regions along the Inter-
Tropical Convergence Zone (ITCZ). The positive SPC1
values (corresponding to the positive phase of EV1) in the
middle and high latitudes (Fig. 2 (m1)) are linked to the deep
and continuous clouds around 60° latitudes, extending from
the PBL to about 10 km. EV1 also reflects the descending of
maximum cloud-top height corresponding to the decrease in
troposphere height from around 17 km in the tropics to about
10 km in the middle-high latitudes (Dessler et al. 2006).
The second CVS mode (EV2 26.2%) is characterized by
strong negative eigenvectors through levels above 3 km and
with the peak around 7 km (Fig. 1b), corresponding to the
middle-high clouds in the tropical convective cores (Fig. 2
(m2)). On the contrast, the positive eigenvectors are much
weaker and are located in the planetary boundary layer
(PBL) (Fig. 1b), corresponding to the main subtropical anti-
cyclonic regions in SPC2 (Fig. 2 (m2)), where the formation
of middle to high clouds are depressed. In addition, positive
eigenvectors are also indicative of the PBL marine stratocu-
mulus clouds over the subtropical eastern oceans (Wood
2012). It is also found that the high-SPC-value regions corre-
spond well to the main strong upwelling/downwelling re-
gimes over oceans (Dolinar et al. 2015).
The third CVS mode (EV3, 12.1%) portraits a two-peak
structure for both the positive and negative eigenvectors
(Fig. 1c). One of the positive (negative) peaks is located at
about 10 km (16–17) and the other at around 1 km (2–3),
corresponding to upper-level clouds and low-level clouds, re-
spectively. The relevant positive values in SPC3 are typically
located in extratropical cyclonic regions (Fig. 2 (m3)), imply-
ing a close linkage between EV3 and extratropical cyclonic
a b c
Fig. 1 First three leading modes
of cloud cover vertical structure
simulated by 11 CFMIP2 models
and their MME, and observed by
GOCCP. Horizontal axis denotes
values of eigenvector. Horizontal
dashed lines indicate boundaries
of ISCCP high, middle and low
clouds at 3.36 and 6.72 km,
respectively. Grey shadings
denote EV spread among models
at a given level
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clouds, whereas negative values are in tropical deep convec-
tive regions and polar regions. The positive two-peak structure
is consistent with the asymmetric dipole structure of midlati-
tude storm-track cloud systems revealed by A-Train observa-
tions (Huang et al. 2014).
Given the close association of the first three EVs with trop-
ical high, subtropical anticyclonic and extratropical cyclonic
clouds, we introduce the term of tropical high cloud mode
(THCM), subtropical anticyclonic cloud mode (SACM) and
extratropical cyclonic cloud mode (ECCM), respectively.
3.2 Evaluation on CVS modes in CFMIP2 models
The total variances explained by the first three EVs in
CFMIP2 models vary from 69.6 to 86.7%, most of which
exceed 80.0% except for two IPSL-CM5A models,
MIROC5 and MRI-CGCM3 (Table 2). For individual EV,
most models (except for MIROC5 and MRI-CGCM3) over-
estimate the explained variances in THCM, whereas all
models underestimate those of SACM remarkably.
All the models have excellent skills in capturing the CVS
features of THCM (Fig. 1a), except that two models (IPSL-
CM5A-LR and IPSL-CM5A-MR) seem to simulate a slightly
higher cloud top height at middle to high latitudes. In addition,
the positive eigenvectors in THCM exhibit obvious disconti-
nuity in two models, i.e. MRI-CGCM3 and MIROC5. SPCs
are generally successfully reproduced by all the models, espe-
cially the deep convective cores along the ITCZ (Fig. 2).
With respect to SACM, most models successfully simulate
the basic features: few-cloud regimes over the subtropical an-
ticyclonic regions, PBL stratocumulus clouds over the sub-
tropical eastern oceans and the negative SPC pattern in trop-
ical convective cores (Figs. 1b and 2). However, most models
produce lower peaks of negative eigenvectors (between 3 and
6 km) than that around 7 km in GOCCP, as well as much
weaker negative eigenvectors around 9–12 km. Some models
(e.g. three IPSL models and MPI-ESM-LR) even simulate a
false peak of positive eigenvectors around 9 to 12 km.
The basic two-peak structure of positive eigenvectors in
ECCM is captured by most of models except five models
(two BCC models, two IPSL-CM5A models and the MRI-
CGCM3), failing to simulate the peak in PBL (Fig. 1c). In
addition, remarkable insufficiencies are found in simulations
of the two negative-eigenvector peaks (Fig. 1c). SPCs corre-
sponding to the positive EV3 phase are generally captured
along extratropical cyclonic regions, whereas those relative
to the negative phase are not well simulated in most of models
especially along ITCZ convective cores (Fig. 2).
Taylor diagrams (Taylor 2001) are further applied to pro-
vide a quantitative evaluation of the simulated SPCs in
CFMIP2 models and GOCCP. As expected, models have the
best performance in simulating THCM SPCs, with spatial
correlation coefficients above 0.90 between GOCCP and
models and with less spread among models (Fig. 3a). The
Fig. 2 First three SPCs simulated by 11 CFMIP2 models and the MME,
and observed by GOCCP
Table 2 Percentages of variance explained by the first three EVs in
CFMIP2 models and CALIPSO-GOCCP
Model EV1 (%) EV2 (%) EV3 (%) Total (%)
BCC-CSM1.1 55.0 19.9 11.9 86.7
BCC-CSM1.1M 54.4 20.9 11.3 86.6
CanAM4 47.5 18.8 13.7 80.0
GFDL-CM3 56.6 17.0 12.1 85.7
HadGEM2-A 48.3 19.0 13.7 81.0
IPSL-CM5A-LR 44.3 20.6 10.7 75.5
IPSL-CM5A-MR 45.2 21.0 9.8 76.0
IPSL-CM5B-LR 45.4 20.2 14.4 80.0
MIROC5 36.1 20.3 13.3 69.6
MPI-ESM-LR 51.0 17.6 11.6 80.1
MRI-CGCM3 38.1 23.8 13.7 75.7
MME 52.6 18.4 12.8 83.7
GOCCP 42.3 26.2 12.1 80.6
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inter-model spread becomes larger and spatial correlations
decrease remarkably in SACM and ECCM (Fig. 3b, c), being
closely associated with the large divergence in simulating
SACM and ECCM among models (Fig. 1b, c).
Similar analysis is also made on OPCs (Figs. 4 and 5). It is
found that spatial patterns are basically consistent between
OPCs and SPCs (Figs. 2 and 4), whereas the magnitude, pat-
tern standard deviation ratio and centred root-mean-square
error of OPCs diverge greatly compared to SPCs, indicating
large differences in both OPCmean bias and spatial dispersion
in models relative to GOCCP. In addition, pattern standard
deviations of all three OPCs in most CFMIP2 models are
simulated larger than that in GOCCP. It also noted that global
mean OPC1 (OPC2 and OPC3) are consis tent ly
underestimated (overestimated) by all models (most of
models) compared to the observed value(s) of 9.5% (−25.7
and 3.2%) (Table 3), which may contribute greatly to simulat-
ed RSCRF/RLCRF biases in the following sections.
3.3 Radiative effects of CVS modes in CFMIP2 models
Both the ordinary and standardized linear equations are con-
structed between OPCs and RSCRF/RLCRF for CFMIP2
models and GOCCP data, producing ordinary and standard-
ized regression coefficients (RCs and SRCs), respectively.
RCs depend on the dispersion of dependent and explanatory
variables, denoting the SW extinction efficiency (mainly de-
termined by extinction optical depth (EOD)) for RSCRF or
LWemission efficiency (mainly depending on cloud top tem-
perature or cloud top height) for RLCRF by unit OPC, where-
as standardized PCR removes the effects of variables’ average
Fig. 4 First three OPCs simulated by 11 CFMIP2 models and the MME,




Fig. 3 Taylor diagram for the first three SPCs simulated by 11 CFMIP2
models and the MME, where the reference fields are from GOCCP. The
abscissa denotes the pattern standard deviation ratio, and the azimuthal
angle indicates the pattern correlation coefficient
a b
c
Fig. 5 Taylor diagram for the first three OPCs simulated by 11 CFMIP2
models and the MME, where the reference fields are from GOCCP. The
abscissa denotes the pattern standard deviation ratio, and the azimuthal
angle indicates the pattern correlation coefficient
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value and standard deviation on SRCs, whose absolute values
directly reflect the relative importance of OPCs in determining
RSCRF/RLCRF, the relation between which are given in
Eq. (7). All the regression equations (F-test) and PCs
(Student t test) pass the significance test at the 99% confidence
level.
3.3.1 Dependence of RSCRF/RLCRF on CVS modes (SRCs
and RCs)
The absolute values of SRCs (Fig. 6a, b) directly reflect the
influencing degree of SPCs on RSCRF/RLCRF, and signs of
them denote positive or negative dependent relation of
RSCRF/RLCRF to SPCs. It is found that the largest relative
contribution to RSCRF is from SPC1, then from SPC2, and
the least from SPC3 (Fig. 6a), whereas SPC2 contributes the
largest to RLCRF, and then SPC3 and SPC1 as shown in
observations (Fig. 6b). In most cases, CFMIP2 models simu-
late the sign-consistent dependence of RSCRF/RLCRF to
SPCs, except for that of RLCRF to SPC1, where only half
of the models give the right sign. Overall, CFMIP2 models
tend to overestimate the relative contributions of SPC1 (10/12
models) and SPC3 (9/12 models) to RSCRF, whereas under-
estimate that of SPC2 (10/12 models) compared to observa-
tions (Fig. 6a). In contrast, CFMIP2 models tend to underes-
timate the relative contribution of SPC1 (9/12 models) and
SPC2 (12/12 models) to RLCRF, whereas overestimate that
of SPC3 (12/12 models) compared to observations (Fig. 6b).
RCs (Fig. 6c, d) are completely sign consistent with SRCs,
implying coherent dependent relation of RSCRF/RLCRF to
them. Considering that Eq. (5) is strictly established if global
mean RSCRF/RLCRF and OPCs are substituted, RCs may
represent the SWextinction efficiency for RSCRF (i.e. absorb-
ing and scattering ability to SW radiation) or LW emission
efficiency for RLCRF corresponding to unit global mean
OPC (hereafter unit OPC). RCs may also be interpreted to a
large extent as the difference in SW EOD for RSCRF or cloud
top height for RLCRF between positive and negative phase
clouds in CVS modes (Fig. 1) in unit OPC. According to
Eq. (3), unit OPC depends on two factors: One is eigenvectors
(i.e. CVS modes in Fig. 1), and the other is global mean
vertical profiles of cloud cover (Fig. 7). CVSmodes have been
discussed in detail in Sects. 3.1 and 3.2, and here, we focus on
the mean cloud vertical profiles. Two peaks are observed in
GOCCP cloud profile, one of which is located below 3 km,
corresponding to abundant optically-thick stratocumulus
cloud over the oceans, and the other is around 8 km, mainly
contributed by mi-latitude high clouds (Wang et al. 2014b).
The most notable difference in global mean cloud vertical
profiles is that high clouds are markedly overestimated with
the peak at 9–12 km, whereas middle and low clouds are
typically underestimated in most CFMIP2 models compared
GOCCP (Fig. 7b). This feature may imply compensation be-
tween cloud cover and cloud REs in climate models to obtain
a better match between simulated and observed TOA radiation
balance, that is, models tend to overestimate (underestimate)
the REs of low (high) clouds, which may be associated with
the overestimation of liquid cloud water contents and possible
underestimation of ice cloud water contents in most climate
models (Jiang et al. 2012; Wang et al. 2014a). The overesti-
mation of REs in low clouds is also known as the ‘too few, too
bright’ low-cloud problem (Karlsson et al. 2008; Nam et al.
2012).
OPC1 acts to intensify RSCRF corresponding to its unit
change as given in observations, indicating in unit OPC1 that
the REs of positive phase clouds (mainly low/middle clouds)
dominate those of negative phase clouds (high clouds) in
THCM. Eight out of 12 models (except two BCC-CSM
models, IPSL-CM5B-LR and MIROC5) are found to slightly
underestimate the SWREs in unit OPC1, which may be main-
ly caused by more high clouds (corresponding to negative
phase) and fewer low clouds (corresponding to positive phase)
in unit OPC1 simulated by these models (Fig. 7b), in view of
basically consistent eigenvectors in THCM (Fig. 1a) and the
known possible underestimation (overestimation) of REs in
high (low) clouds. It is noted that MIROC5 simulated less
mid/high clouds and more low clouds (Fig. 7), resulting in
obvious overestimation of SW REs in unit OPC1. OPC2 acts
to weaken RSCRF in observations, meaning that REs of neg-
ative phase clouds in SACM (Fig. 1b) are predominant over
those of positive phase clouds (Fig. 6c). Most models, except
two (i.e. BCC_CSM1.1 (m) and MRI_CGCM3), underesti-
mate the RSCRF contribution by unit OPC2 or even simulate
the opposite sign, contributing to damp the weakening of
RSCRF as observed. This feature may be qualitatively ex-
plained from three aspects. First, biases in most models tend
to increase the proportion of high clouds and decrease that in
Table 3 Global mean of relative SW/LW cloud radiative forcing
(RSCRF/RLCRF) (%) and original principal component (OPC) (%)
Model RSCRF RLCRF OPC1 OPC2 OPC3
BCC-CSM1.1 −30.4 11.2 2.9 −27.4 33.4
BCC-CSM1.1M −28.7 10.8 1.7 −20.0 19.5
CanAM4 −25.8 9.7 5.2 −28.9 18.9
GFDL-CM3 −26.0 10.1 0.6 −29.7 34.8
HadGEM2-A −23.9 9.4 6.6 −16.4 24.9
IPSL-CM5A-LR −26.3 11.3 0.4 −5.7 −2.5
IPSL-CM5A-MR −26.3 11.7 1.7 −4.3 10.3
IPSL-CM5B-LR −26.8 10.2 2.8 −18.0 23.4
MIROC5 −27.3 9.7 1.5 −17.1 10.6
MPI-ESM-LR −25.0 9.6 1.1 −10.3 47.2
MRI-CGCM3 −25.1 8.9 −2.0 −23.6 19.4
MME −25.1 9.5 3.8 −18.2 31.1
OBS −24.9 9.9 9.5 −25.7 3.2
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lower levels in negative phase (Fig. 7), which contribute to
decrease the REs difference between the two phases in
SACM. Second, the fact of underestimation (overestimation)
of REs in high (low) clouds further reduces the REs differ-
ence. Thirdly, remarkable biases in SACM eigenvectors
around 9–12 km may greatly weaken the REs corresponding
to negative phase clouds in SACM (acting to reduce RCs) or
even produce positive clouds at 9–12 km, producing RCs with
the opposite sign in some models (e.g. MPI-ESM-LR and two
IPSL-CM5Amodels). OPC3 acts to intensify RSCRF with its
Fig. 6 a, b Standardized and c, d ordinary regression coefficients as calculated from the multiple linear regression of RSCRF/RLCRF on the first three PCs
a b
Fig. 7 Global mean vertical
profiles of a cloud cover in
CFMIP2 models and GOCCP,
and b cloud cover biases
compared to GOCCP in CFMIP2
models (units: %). Horizontal
dashed lines indicate boundaries
of ISCCP high, middle and low
clouds at 3.36 and 6.72 km,
respectively
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unit change in observations, indicating the domination of REs
in positive phase clouds on those in negative phase clouds.
The RSCRF corresponding to unit OPC3 is markedly
overestimated by seven models (CanAM4, GFDL-CM3,
HadGEM2-A, IPSL-CM5B-LR, MIROC5, MPI-ESM-LR
and MME), which commonly feature stronger positive peak
in low/middle cloud levels (Fig. 1c), together with REs over-
estimation in low clouds, resulting in larger REs in positive
phase clouds and then stronger RSCRF in unit OPC3 com-
pared to observations.
The RLCRF from OPCs mainly depends on the difference
in cloud top temperature (the lower the temperature, the stron-
ger the RLCRF) as well as the absolute weight of top-level
clouds between the two phases in CVS modes (Fig. 1). As a
result, OPC3 acts to intensify the RLCRF in observations,
opposite to OPC1 and OPC2, although its cloud top height
decreases with unit increase in OPC1, due mainly to the larger
weight of positive eigenvectors associated with top-level
clouds. Overall, CFMIP2 models tend to underestimate or
simulate the opposite sign of RLCRF RCs by OPC1 and
OPC2 compared to observations, except MRI-CGCM3 for
OPC1 and MIROC5 for OPC2, whereas overestimate the rel-
ative RLCRF contribution by OPC3 except two IPSL-CM5A
models (Fig. 6b). Biases of RLCRF RCs also depend on
biases in CVS modes (Fig. 1) as well as those in global mean
cloud vertical profiles (Fig. 7). Different from RSCRF, high
cloud cover biases in cloud profiles may play dominant roles
in determining RLCRF biases compared to low/middle cloud
cover biases. Considering these features, above-mentioned
RSCRF RCs biases may be mainly resulted from
overestimated high clouds especially around 9–12 km
(Fig. 7b) as well as the abnormal peaks of eigenvectors at 9–
12 km in SACM and ECCM (Fig. 1b, c).
3.3.2 Global mean RSCRF/RLCRF biases from CVS modes
Compared to CERES observations on global mean RSCRF
and RLCRF (−24.9 and 9.9%), CFMIP2 models tend to over-
estimate the RSCRF intensity except HadGEM2-A, while one
half of the models simulate opposite biases to the other half
regarding RLCRF compared to CERES (Table 3). By
substituting the global mean of OPCs into the original regres-
sion equations, the global mean RSCRF/RLCRF contribution
from each OPC is calculated for both models and observa-
tions. The signs of global mean RSCRF contributed by
OPCs are correctly simulated by 11/12 (except MRI-
CGCM3), 9/12 (except IPSL-CM5A-LR, IPSL-CM5A-MR
and MPI-ESM-LR) and 11/12 (except IPSL-CM5A-MR)
CFMIP2 models for OPC1, OPC2 and OPC3, respectively.
Only 5/12 models capture the correct signs of global mean
RLCRF contributions from OPC1, whereas 11/12 (except
IPSL-CM5A-LR) and all models simulate the correct signs
of those fromOPC2 and OPC3, respectively (data not shown).
The global mean biases of RSCRF/RLCRF contributed by
OPCs are shown in Fig. 8a b, from which remarkable biases
are found for RSCRF (RLCRF) compared to observations, i.e.
−3.7% (−0.3%) for OPC1, −13.2% (7.8%) for OPC2 and
−0.9% (0.4%) for OPC3, respectively. RSCRF intensity con-
tributed by OPC3 are markedly overestimated by 11/12
models (except IPSL-CM5A-MR), whereas those from
OPC1 and OPC2 are underestimated except one model
(MRI-CGCM3) in the case of OPC2 compared to observa-
tions (Fig. 8a). RSCRF intensity underestimation from
OPC2 may also reflect that cloud radiative forcing biases in
downwelling regimes (with biases weakening RSCRF) are
much larger than those in upwelling regimes (with biases
strengthening RSCRF) (Dolinar et al. 2015), which also ap-
plies to the RLCRF biases from OPC2 below. Overall, contri-
bution from OPC3 predominates over contributions from
OPC1 and OPC2 in most models. This indicates that ESCM,
with the least explained variance, may play an essential role in
the overestimation of RSCRF intensity among CFMIP2
models (Table 3).
Although no systemRLCRF bias relative to observations is
simulated globally among CFMIP2 models (Table 3), biases
from three OPCs show remarkable consistency amongmodels
(Fig. 8b). That is, RLCRF intensity contributed by OPCs are
consistently overestimated (underestimated) in OPC3 (OPC1
and OPC2) by all models compared to observations. It is noted
that the RLCRF biases from OPC1 are very small (generally
lower than 0.5%) although obvious overestimation of high
clouds observed in both the tropics and the middle-high lati-
tudes (data not shown). This is due mainly to the opposite
roles that high clouds play in RLCRF in the two regions and
the cancellation between them. The RLCRF biases from
OPC2 and OPC3 are obviously larger than those from
OPC1. However, these biases have opposite signs and offset
each other to a large extent, resulting in reduced contributions
to RLCRF in CFMIP2 models.
3.3.3 Decomposition of RSCRF/RLCRF biases
Based on Eq. (7), RSCRF and RLCRF biases from different
OPCs are further decomposed into three parts, that is, RC bias
term, OPC bias term and their joint effect, which are shown in
Fig. 8c–h. RC bias term denotes the biases from difference in
REs corresponding to unit OPC between models and obser-
vations, while OPC bias term mainly refers to biases from
cloud cover differences between models and observations.
Similar features are found in bias decomposition between
RSCRF and RLCRF. Underestimation of RSCRF/RLCRF in-
tensity from OPC1 (Fig. 6c, d) is mainly from OPC biases
(Fig. 8e, f), featured by consistent underestimation of global
mean OPC1 (Table 3), which mainly come from the
overestimated high clouds in the tropics in most of the models
(Fig. 4). In contrast, RSCRF biases from RCs and the joint
Cloud vertical structure in CFMIP2 models and GOCCP observations
Fig. 8 Global mean a RSCRF and b RLCRF biases compared to observations. c, e, g RSCRF and d, f, h RLCRF biases contributed by regression
coefficient biases (upper row), principal component biases (middle row) and both of them (units: %)
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contribution of RC and OPC cancel each other greatly, due to
the opposite sign between global mean OPC1 and OPC1 bias
in CFMIP2 models (Table 3). For OPC2, underestimation of
RSCRF/RLCRF intensity mainly arises from RC biases
(Fig. 8c, d) as well as OPC biases (Fig. 8e, f), corresponding
to smaller absolute coefficients (means underestimation of
REs by unit OPC2, see Fig. 6c, d) and larger global mean
OPC2 in most models (Table 3 and Fig. 4), whereas the joint
contribution tends to take the opposite effect (Fig. 8g, h).
Overestimation of RSCRF/RLCRF intensity from OPC3 is
contributed by overestimated OPC3 (Table 3 and Fig. 4), also
added up by the joint contribution from RC and OPC.
3.4 Discussion
A question that needs to be addressed here is why the CVS
biases and their REs have been produced by CFMIP2models?
The answer may lie on two aspects, cloud/radiation parame-
terizations and the relevant large-scale environmental fields
simulated by those models, between which complex feedback
processes exist but cannot be separated from each other in the
present study. However, we notice the remarkable improve-
ment in the simulation of CVS modes and their REs in IPSL-
CM5B-LR (Figs. 1 and 6), wherein the convective boundary
layer and cumulus clouds are better represented compared to
IPSL-CM5A models (Hourdin et al. 2013).
Data uncertainty is still an inevitable problem in the
GOCCP and CERES datasets, which may come frommultiple
sources, e.g. spatial and temporal sampling, retrieving algo-
rithm and even accuracy of satellite sensors (Stubenrauch
et al. 2013; Young et al. 2013). In addition, not all information
for certain identified cloud type is constrained in the relevant
CVS mode, although they may be physically associated. For
example, tropical deep convective clouds are mainly ex-
plained by THCM; however, part of information is also in-
cluded in other two CVS modes. As a final note, the physical
explanations on RCs are more qualitative rather than quanti-
tative, which may be not exactly but do contribute to a better
understanding of RCs.
4 Summary
In this paper, the leading CVS modes simulated by 11
CFMIP2 models and the MME are evaluated using PCA
method against the GOCCP data set. The REs of these modes
are further accessed in terms of PCR based on CERES radia-
tive fluxes. Main conclusions are listed as follows.
1. The GOCCP data set reveals three leading CVS modes,
i.e. tropical high cloud mode (THCM), subtropical anti-
cyclonic cloud mode (SACM) and extratropical cyclonic
cloud mode (ECCM). THCM mainly reflect the contrast
between tropical high clouds and clouds from PBL to
about 10 km in middle and high latitudes. SACM is close-
ly associated with middle-high clouds in tropical convec-
tive cores, few-cloud regimes in subtropical anticyclonic
regions and stratocumulus over subtropical eastern
oceans. ECCM mainly corresponds to clouds along
extratropical cyclonic regions, generally characterized
by an asymmetric dipole structure. CFMIP2 models con-
sistently reproduce the THCM and corresponding SPCs
quite well, depicting the fundamental latitude-altitude
structure of cloud cover. SACM and ECCM are generally
poorly simulated mainly in vertical structure relative to
their standardized horizontal loadings (i.e. SPCs) com-
pared to GOCCP. In addition, pattern standard deviations
of all three OPCs are simulated larger than that in GOCCP
by most CFMIP2 models, and OPCs are consistently
underestimated (overestimated) for THCM (SACM and
ECCM) by CFMIP2 models.
2. Using standardized PCR, the relative importance of OPCs
in determining RSCRF/RLCRF (i.e. absolute values of
SRCs) is evaluated for CFMIP2 models compared to ob-
servations. It is shown that the largest relative contribution
to RSCRF is from SPC1, then from SPC2, and the least is
from SPC3, whereas SPC2 contributes the largest to
RLCRF, and then SPC1 and SPC3, as seen from
observations.
3. Ordinary regression coefficients (RCs) denote the SW
extinction efficiency for RSCRF (i.e. absorbing and scat-
tering ability to SW radiation) or LW emission efficiency
for RLCRF corresponding to unit global mean OPC. It is
difficult to provide exact explanations on RCs but quali-
tative ones in the present studies, mainly due to their de-
pendence on multiple factors, e.g. global mean cloud ver-
tical profiles (features by underestimation of low/middle
clouds and overestimation of high clouds) and CVS
modes (featured by remarkable differences in SACM
and ECCM).
OPC1 and OPC3 (OPC3) act to intensify RSCRF
(RLCRF), whereas OPC2 (OPC1 and OPC2) takes the
opposite effect corresponding to its unit change as given
in observations. CFMIP2 models tend to overestimate
(underestimated or simulate the opposite sign) RSCRF/
RLCRF radiative effects (REs) of ECCM (THCM and
SACM) in unit global mean OPC compared to observa-
tions. These RE biases may be attributed to two factors,
one of which is underestimation (overestimation) of low/
middle clouds (high clouds) (also known as stronger
(weaker) REs in unit low/middle (high) clouds) in simu-
lated global mean cloud profiles, the other is eigenvector
biases in CVS modes (especially for SACM and ECCM).
4. The global mean RSCRF and RLCRF biases caused by
three CVS modes are calculated based on the ordinary
PCR equations and global mean OPCs. The majority of
Cloud vertical structure in CFMIP2 models and GOCCP observations
CFMIP2 models tend to underestimate global mean
RSCRF/RLCRF intensity from OPC1 and OPC2, where-
as to overestimate them by OPC3 as compared to obser-
vations. Further examination shows that RSCRF/RLCRF
biases from OPC1 mainly caused by OPC biases, that is,
consistent underestimation of OPC1 by CFMIP2 models.
RC biases as well as OPC overestimation jointly contrib-
ute to global mean RSCRF/RLCRF biases contributed by
OPC2. In addition, RSCRF/RLCRF biases from OPC3
are mainly contributed by OPC3 overestimation as well
as the joint contribution from RC and OPC.
Our results have shown that the THCM and its REs has
been better reproduced in most CFMIP2 models compared to
SACM and ECCM. Although the SACM and ECCM are
poorly simulated inmostmodels, their standardized horizontal
loadings are overall reasonably captured (Fig. 2), indicating
that the improvement on CVS, especially cloud parameteriza-
tion associated with particular physical processes (e.g.
downwelling regimes with the Hadley circulation,
extratropical storm tracks and others), may be crucial to re-
duce the CRF biases simulated by climate models.
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